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Abstract
Background: The ﬁrst part of this study aimed to develop a model for Anopheles gambiae s.l. with separate
parametrization schemes for Anopheles gambiae s.s. and Anopheles arabiensis. The characterizations were constructed
based on literature from the past decades. This part of the study is focusing on the model’s ability to separate the
mean state of the two species of the An. gambiae complex in Africa. The model is also evaluated with respect to
capturing the temporal variability of An. arabiensis in Ethiopia. Before conclusions and guidance based on models can
be made, models need to be validated.
Methods: The model used in this paper is described in part one (Malaria Journal 2013, 12:28). For the validation of the
model, a data base of 5,935 points on the presence of An. gambiae s.s. and An. arabiensis was constructed. An
additional 992 points were collected on the presence An. gambiae s.l.. These data were used to assess if the model
could recreate the spatial distribution of the two species. The dataset is made available in the public domain. This is
followed by a case study from Madagascar where the model’s ability to recreate the relative fraction of each species is
investigated. In the last section the model’s ability to reproduce the temporal variability of An. arabiensis in Ethiopia is
tested. The model was compared with data from four papers, and one ﬁeld survey covering two years.
Results: Overall, the model has a realistic representation of seasonal and year to year variability in mosquito densities
in Ethiopia. The model is also able to describe the distribution of An. gambiae s.s. and An. arabiensis in sub-Saharan
Africa. This implies this model can be used for seasonal and long term predictions of changes in the burden of malaria.
Before models can be used to improving human health, or guide which interventions are to be applied where, there is
a need to understand the system of interest. Validation is an important part of this process. It is also found that one of
the main mechanisms separating An. gambiae s.s. and An. arabiensis is the availability of hosts; humans and cattle.
Climate play a secondary, but still important, role.
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Background
Several attempts have been made to map the distribution
of Anopheles gambiae s.s. and Anopheles arabiensis [1-5],
two of the most important vectors of human malaria in
sub-Saharan Africa. MacDonald [6] showed that limiting
the human-vector contact reduces malaria transmission,
and that the most eﬃcient control measure is to increase
the mortality rate of the involved mosquitoes. His think-
ing has been adopted in current malaria control eﬀorts.
Two of the most common interventions today are indoor
residual spraying (IRS) [7] and insecticide-treated bed
nets (ITNs) [8]. Often, there is no detailed understand-
ing of the life history, behaviour and species composition
where the interventions are applied [3].
Anopheles arabiensis inhabits areas from South Africa
in the south to Mauritania and Sudan in the north. In
Central-West Africa there is a pocket with very few obser-
vations of An. arabiensis. The border of this pocket is
formed by Angola, Zambia, Burundi, Rwanda, Uganda,
South-Sudan, Central African Republic, Congo, Gabon,
and Equatorial Guinea.Anopheles gambiae s.s. is currently
separated into ﬁve chromosomal forms: Forest, Bamako,
Savanna, Mopti and Bissau [9], and two molecular forms:
M and S [10,11]. It is distributed from South Africa to
Mauritania and northern Mali, but is absent in Ethiopia
and Northern Sudan. The species is considered the most
eﬃcient malaria vector in Africa [12].
Recent studies have shown that interventions aimed
to prevent malaria has an impact on balance between
An. gambiae s.s. and An. arabiensis [13]. The rela-
tive fraction of each species can vary from month to
month, and year to year [14]. In Tanzania it has been
shown that multi-decadal changes in the species com-
position can inﬂuence malaria transmission [15]. Given
the observed changes in species composition, and their
diﬀerent capacity as vectors of malaria, it is highly rele-
vant to have models which include several species when
assessing the impact of climate variability and climate
change.
This paper is the second of two describing and vali-
dating a new model of the dynamics of An. gambiae s.s.
and An. arabiensis The model, which is described in part
one [16], is a biophysical model driven by output from
a climate model. Biophysical models seek to understand
what drives a certain biological process, and to describe
this with mathematical equations. Unlike statistical mod-
els, which often rely on observations to predict species
presence and absence, biophysical models can be run with
no information with respect to observed distribution and
densities, and base the model equations on laboratory
studies aiming to isolate diﬀerent aspects of the life history
of the mosquitoes. The role of ﬁeld observations on the
presence or absence of a species in the case of biophysical
models, is to validate the model after an experiment has
been completed. In some studies observations are used to
reduce the uncertainty of unknown parameters [17].
In addition to predicting the current distribution, these
type of models can be used to project changes in the
historical and future density and distribution of these
species. They can describe changes from day-to-day,
month-to-month, year-to-year, and decade-to-decade.
Themodel, namedOpenMalariaWarning (OMaWa) [16],
includes several components, describing the mosquito’s
life from the aquatic stages to adult. In the aquatic stages,
life history varies for eggs, larvae and pupae. As adults
the life history changes with age. OMaWa is driven with
air temperature, relative humidity of the air, wind speed
and direction, soil temperature, relative soil moisture, and
runoﬀ from a climate model. These variables are used to
parametrize mortality, rate at which eggs are laid, biting
rate, development rate in the aquatic stages, and disper-
sion (spread) ofmosquitoes. In part one, it was shownhow
the model responded to diﬀerent forcings, and focused
on its sensitivity to temperature, humidity, mosquito size,
the probability of ﬁnding blood, and dispersion. Thus the
results presented here should be seen in light of the sen-
sitivity analysis. A full description of the model used here
can be found in part one [16].
This is the ﬁrst time a biophysical model has been
used to model the relative density of An. gambiae s.s. and
An. arabiensis, with simulations covering an entire con-
tinent. It is also the ﬁrst time age dependent life history
and mosquito dispersion (spread of mosquitoes) has been
included in a continental analysis. The model is validated
against 6,927 presence/absence points of the two species,
and a more detailed analysis is carried out for Madagas-
car. The data is freely available to the public [18]. This
study has also evaluated the ability to model the temporal
variability, using case studies for Ethiopia.
Methods
Occurrence and distribution of An. gambiae s.l. in Africa
Continental validation
To date there are three data sets describing the occurrence
ofAn. arabiensis andAn. gambiae s.s. [3,19,20].Additional
online resources have been described by Hay et al [21].
To compliment and extend these databases, a systematic
search was conducted. A total of 1,940 occurrence points
were collected for An. arabiensis, 1,813 for An. gambiae
s.s., and 992 for An. gambiae. Merging these data with the
three databases [3,19,20] result in 2,926 occurrence points
for An. arabiensis, 3,009 for An. gambiae s.s., and 992
for An. gambiae [18]. Three methods were used to geo-
reference the points. In papers where coordinates were
given, these coordinates were used. If possible they were
cross checked against given place names. In cases where
only place name, and a description of the place were given,
the locations were searched up using Google Maps/Earth.
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Where only a map was provided, the map was imported to
qgis and geo-referenced [22], and occurrence points were
manually extracted.
The database containing An. gambiae was mainly used
to estimate the occurrence of An. gambiae s.l. in Namibia,
DRC, South Sudan, Angola, Congo, and northern South
Africa. To classify the points the expert opinion polygons
from Sinka et al [3] was used. A point falling within the
An. arabiensis polygon only was classiﬁed as An. arabi-
ensis, points falling within the An. gambiae s.s. polygon
only as An. gambiae s.s., and points falling within both
polygons were assigned both species. To classify true pres-
ence/absence points the data described previously was
used. Observations of An. gambiae s.s. were classiﬁed as
presence for this species. Absence points for An. gambiae
s.s. were those where An. arabiensis had been recorded,
and no An. gambiae s.s. had been observed within a
radius of 100 km. The same approach was used for An.
arabiensis.
This model (OMaWa) was compared with species pre-
dictions from four other models, as well as the expert
opinion from Sinka et al [3]. The ﬁrst was the paper by
Rogers et al [1] where they used satellite data to predict
the presence of An. arabiensis and An. gambiae s.s.. To
reproduce the images in the paper the ﬁgures were geo-
referenced, and polygons were drawn based on the 0.65-1
probability. The selection was based on the colouring they
used in the ﬁgure. Next a 50 by 50 km grid was overlaid
with the polygons, and points falling within the polygons
were classiﬁed as presence points. Points falling outside
were classiﬁed as absence. The second paper is by Levine
et al [2]. They used a genetic algorithm to predict the
presence of the two species. As before, the images were
geo-referenced, and polygons were constructed based on
dark grey to black shading. Next, absence and presence
was constructed as for Rogers et al [1]. The third paper is
a recent paper by Sinka et al [3]. Since this is a three band
RGB (Red-Green-Blue) raster, the pixel values were ﬁrst
converted to a one band raster: 1− (0.299 ·R+0.587 ·G+
0.114 · B)/255. This new raster image was then gridded
to a 50 by 50 km grid. Presence was deﬁned as proba-
bility greater than approximately 0.4. As for Rogers et al
[1], this threshold was selected based on the colouring in
the ﬁgure (and it must be assumed the authors chose the
colours based on what they thought to be realistic classi-
ﬁcations). Where applicable, the weighted absolute mean
error was also calculated based where weights were equal
to the probability given in the maps. The fourth paper is
by Moﬀet et al [5]. The same methodology as for Sinka
et al [3] was used to construct a comparable map. For
the expert opinion, presence/absence points were con-
structed with the same methodology used for Levine [2]
and Rogers [1]. The extracted data and scripts are avail-
able upon request. The mosquito density from OMaWa
was classiﬁed as present if the 19 year mean was greater
than 0.004 mosquitoes per square kilometre, and absent if
less. Quality of the models were estimated as mean abso-
lute error (MAE), which is recommended over the root
mean square when comparing model performance [23].
Relative fraction of each species, Madagascar
To investigate if the model is able to estimate the relative
fraction of An. gambiae s.s. and An. arabiensis data from
Pock Tsy’s et al [24] and Chauvet’s [25] article describing
the fraction of each species in Madagascar was used. In
total these two data sets consist of 275 observations, and
should thus be suitable to give a rough idea about the rela-
tive fraction of the twomembers. Diﬀerent measures were
given to evaluate the model skill:
a) For each observation there are information about the
month of collection as well as longitude and latitude.
From the model data, covering the period 1990-2008,
the closest point to each observation in the month of
collection is selected, and the yearly monthly mean is
calculated. These data were used to make box plots,
weighting for the number of observations in each
point, comparing the observations with the model.
b) From the data produced in a, maps were created
using a distance weighted kernel with cut oﬀ at 100
km. Hence observations further away than 100 km
were not included, and closer points will be given
more weight.
c) The distance to the closest wrong (diﬀerence in
fraction greater than 0.2) and correct (diﬀerence
smaller than 0.2) prediction will be indexes for the
spatial accuracy. A non-parametric test like the
Wilcoxon rank sum test with continuity correction
(Mann-Whitney) test can then be used to test if the
two indexes diﬀer by a location shift of zero, and the
alternative is that they diﬀer by some other location
shift.
Temporal variability
Model setup
In addition to looking at the spatial patterns, it is of
interest how the model reproduce temporal variability in
mosquito numbers. Originally, this model was developed
to increase the understanding of malaria epidemiology in
Ethiopia. The motivation of introducing An. gambiae s.s.
was to test if the model had a general validity, not lim-
ited to Ethiopia. Two high resolution runs only covering
Ethiopia were done; one at 30 km, covering the period
from 2000 to 2006 (Eth30), and one at 18 km (Eth18) cov-
ering the period from 2008 to 2011. These two runs diﬀer
from the one covering all of Africa in the way that the
weather simulations were forced to follow the observed
weather pattern. The technique used to accomplish this
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is called spectral nudging. In the African run (TC50) the
intention was not to reproduce the exact year to year
variability, but the interest was to reproduce reasonable
weather in a reasonable climate, and thus no nudging was
used. To validate the ability to reproduce seasonal vari-
ations data from Eth30 and Eth18 to drive OMaWa was
used.
For simulations driven by Eth30 the model was run
without dispersion, BLL aquatic mortality, development
rate with no species correction, default gonotrophic cycle,
and AL adult mortality. TC50 and Eth18 were run with
the following parametrization: with dispersion, KBLL
aquatic mortality, development rate with species correc-
tion, default gonotrophic cycle, and BLLad adult mor-
tality. All results are based on single realizations of the
model, and error bars are therefore not reported.
Validation data
There are few papers describing the year to year, and
seasonal variations in mosquito numbers in Ethiopia. In
the validation process three papers were used, one mas-
ter thesis, and ﬁeld data from Chano Mille, Arba Minch
describing mosquito seasonality.
The ﬁrst, a paper by Kenea et al [26], is describing An.
arabiensis larva density in the vicinity of six villages in
central Ethiopia, December 2007 to June 2008. The sec-
ond paper is by Taye et al [27] and is reporting bi-monthly
(October 2001 to August 2002) adult An. arabiensis num-
bers in Sille (Southern Ethiopia). The third paper is by
Yemane Ye-Ebiyo et al [28], where they report larva den-
sity in seven naturally formed puddles, in Ziway. Since
this paper does not report density in the area as a whole,
the data might not be directly comparable to the mod-
elled ones. To overcome this problem all time series were
scaled, both observations and model results, as standard-
ized anomalies:
x − 1n
∑
x√(
x− 1n
∑
x
)2
n
(1)
To compare the absolute density, it would be required
that the papers reported the larva/mosquito density per
square kilometre over a larger area. Since this is not the
case, scaling is necessary. The last study is by Balkew,
where the seasonality of An. arabiensis in Awash Val-
ley, Ethiopia, was described [29]. The study locations are
plotted in Figure 1.
In addition to the published data, Fekadu Massebo col-
lected one year (May 2009 to April 2010) of mosquito den-
sities in Chano Mille, Ethiopia. The study site is described
in [30,31]. To see if the model was able to reproduce the
mosquito densities, Eth18 was used to drive OMaWa.
Validation statistics
All correlations (Pearson) are calculated from the values
reported in the papers [26-29], and a similar time series
(sampled the same month as the observations) is con-
structed from the model averaging the four closest model
points:
cor
(xobs −mean(xobs)
sd(xobs)
, xmod − mean(xmod)sd(xmod)
)
(2)
Climatemodel realizations
The simulations in this paper was driven by three diﬀer-
ent realizations of a limited area climate model. The ﬁrst
realization (Eth30), carried out in 2009, comes fromWRF
model version 3.1.1 [32]. It was run at 90 km resolution
using a tropical channel set up. In this type of setup, the
domain consists of the boundaries above and below cer-
tain latitude and no side boundaries. This process allows
the interaction from the extra-tropics through the north-
and-south boundaries. In addition, it allows the generated
waves to propagate around the globe more naturally –
as in the real world and in global models. The merid-
ional boundary conditions were speciﬁed using six-hourly
National Centers for Environmental Prediction (NCEP)
Reanalysis 2 (T42) data. The runs have meridional bound-
aries at 45◦S and 37◦N , with 27 vertical levels, ranging
from the surface to pressure p = 10 hPa. Inside the chan-
nel, a domain with 30 km resolution was set up. This
domain has boundaries at 25.56◦E, 53.18◦E, 0.24◦N , and
19.29◦N . To ensure the model reproduced the observed
year to year anomalies, the model was nudged, using
spectral nudging, against waves (wind, pressure, and tem-
perature) longer than 1,000 km in both domains. The Kain
Frisch cumulus parametrization scheme was used [33,34].
The second realization (TC50), carried out in 2011, had
again a tropical channel set up. The model was run at 50
km resolution from January 1 1989 to January 1 2009. At
the north and southern boundaries the model was driven
by Era Interim. The Kain Frisch cumulus parametrization
schemewas used [33,34].No nudging was used, and there-
fore it is less probable the model would reproduce year to
year variability in the weather. This run was used to assess
the mean state of mosquito density and distribution.
In the third experiment (Eth18), done in 2012, WRF
3.3.1 was used with the Tiedtke cumulus parametrization
scheme [35,36]. The model was run at 18 km resolu-
tion from January 1 2008 to August 1 2011, with data
from Era Interim at the boundaries. Outside the plane-
tary boundary layer the same type of spectral nudging as
described earlier was applied. The domain had boundaries
at 30.57◦N , 50.99◦N , 1.45◦S, and 18.97◦E.
Lunde et al. Malaria Journal 2013, 12:78 Page 5 of 14
http://www.malariajournal.com/content/12/1/78
longitude
la
tit
ud
e
4
6
8
10
12
14
35 40 45
Figure 1 Areas used for validation of the model. KEN11 (blue circle), TAY2006 (green circle), YE2003 (orange circle), BAL2001 (red circle), and
FEK2012 (grey circle).
The Regional Committee for Medical and Health
Research Ethics, Western Norway, and the Ethical Com-
mittee of the Faculty of Medicine of Addis Ababa Uni-
versity and The National Health Research Ethics Review
Committee (NERC) of Ethiopia granted ethical approval
for the study.
Results and discussion
Distribution of Anopheles gambiae s.l.
Occurence of Anopheles gambiae s.l. in Africa (TC50)
Figure 2 is showing the presence data collected as part of
this work. Data collection on An. gambiae was focused
on areas where little information about the occurrence of
An. arabiensis and An. gambiae s.s. was available. Figure 3
shows the modelled mean density of An. arabiensis and
An. gambiae s.s.. The white contours are indicating the
presence of each species. The pattern is consistent with
the general perception of the species range [3]. This is
the ﬁrst time a model [1-4] has been able to repro-
duce the absence of An. gambiae s.s. in Ethiopia. Still
there are some unresolved issues. To date there are no
records of An. arabiensis in Coˆte d’Ivoire; no models,
this included, have been able to model the absence of
this species in Coˆte d’Ivoire. A look at the ﬁgure also
lon
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Figure 2 Presence points for An. arabiensis, An. gambiae s.s. and An. gambiae.
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Figure 3Mean density of An. arabiensis and An. gambiae s.s., 1990-2008.White contours show where the species were present during the
simulation.
reveals some probable inconsistencies with respect to the
species distribution in southern Chad where An. ara-
biensis should be dominating [37]. In South-Africa the
distribution is consistent with observations from 1958
[38], although the species observed might have been An.
quadriannulatus. There are however no recent available
surveys of An. gambiae s.l. in the states of Gauteng,
North West or South Western Limpopo. In Namibia,
where An. gambiae s.l. has been observed as far south
as −23.7◦N [39], the model limits the range to approxi-
mately −21◦N . Since there are no available data on the
recent distribution of this complex in Namibia, it is dif-
ﬁcult to know whether the model is correct or wrong.
The model also suggests An. gambiae is absent in large
parts of Gabon. Previous studies have found An. gam-
biae in Lambarene [40] and Moyen-Ogooue [41], while
Mouchet only found this species in Libreville of twelve
sites sampled [42]. It should be noted that Mourou et al
later found An. gambiae in Port-Gentil [43], as predicted
by the model, while Mouchet [42] did not record this
species 26 years earlier. Elissa et al [44] also found low
concentrations of An. gambiae s.s. in Haut-Ogooue´, which
was also predicted by the model. In the north-eastern
part of Gabon it has not been possible to ﬁnd any recent
mosquito surveys, and it is therefore hard to conclude
if the predicted absence of An. gambiae in this region
is correct.
To evaluate the quality of the model with respect to
classifying the presence and absence of the species the
methodology described previously was used. Table 1
shows the mean absolute error for the four papers
[1-3,5], expert opinion and this model. For reference,
a MAE of 1 would be equivalent to completely wrong
predictions, and 0 would be perfect. While the genetic
algorithm of Levine [2] and the predictions based on
satellite imagery by Rogers [1] show poor skill, the
recent papers by Moﬀet et al [5] Sinka et al [3]
are great improvements compared to those. Still, they
have less skill than the expert opinion if comparing to
the unweighed MAE. This model (OMaWa) has lower
MEA than all the models included in this analysis,
and including weights in the MEA makes it superior
even to the expert opinion. The occurrence data sug-
gest the expert opinion for An. arabiensis is wrong over
West Africa and Southern Cameroon. A mosquito sur-
vey in Namibia, and north-eastern Gabon, would also
clarify the present-day species composition in these
countries.
Relative fraction of each species, Madagascar (TC50)
Since Madagascar has a sharp separation between An.
arabiensis and An. gambiae s.s., the island is well suited
to address whether the model is able to reproduce the rel-
ative fraction of each species.Three measures to evaluate
Table 1 Mean absolute error species presence/absence
(Weightedmean absolute error)
Model MAE
1 Levine 0.33 ( NA )
2 Rogers 0.29 ( NA )
3 Moﬀet 0.20 ( 0.07 )
4 Expert Opinion 0.07 ( NA )
5 Sinka 0.13 ( 0.05 )
6 OMaWa 0.07 ( 0.01 )
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the model was deﬁned. For method a) the mean absolute
error was 0.22. The box plot in Figure 4 show the fraction
of An. arabiensis from the model, grouped by the frac-
tion in the observations. It is clear, while capturing the
main tendencies well, the model has problems with the
exact separation between the two species. In the mixed
group, the model tends to let one species dominate over
the other, possibly letting An. arabiensis dominate too
easily.
Figure 5, created using method b), shows the fraction
of An. arabiensis as modelled, and observed. An eyeball
comparison shows the separation is shifted westward in
themodel, and a bias in the South-Eastern tip ofMadagas-
car. Whether this is a result of (climate) model resolution,
failing to accurately separating the west/east gradient in
topography, or the biological parametrization being inac-
curate is hard to quantify. It is hoped this can be tested in
a future analysis with higher model resolution.
Table 2 shows the distance to the closest model point,
distance to the closest model point with correct pre-
diction, and distance to the closest point with wrong
prediction as described in c). At all quantiles the dis-
tance to the closest correct prediction is 1.5 to 7 smaller
than the closest wrong prediction. A Mann-Whitney
test with conﬁdence level of 0.99 shows the diﬀerence
in location between wrong and correct predictions is
9.84 (5.07 25.68) km (p < .0001). Thus, although with
biases, it is concluded that distance to closest correct pre-
diction and closest wrong prediction are non-identical
populations.
Temporal variability
It is important that mosquito models reproduce the sea-
sonal cycle correctly, since this will be an indication of
the sensitivity to climate. Here results from the model are
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Figure 4 Box-plot of fraction An. arabiensis, Madagascar. Blue is
the fraction from the model, while red is observations. The arabiensis
group is where observations showed more than 85% An. arabiensis,
gambiae is where observations showed less than 15% An. arabiensis,
and mixed is the remaining data. Dot/triangle indicate the median.
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Figure 5 Fraction of An. arabiensis.Model 1990-2008, and
observations smoothed with a squared inverse distance weighted
kernel with cut-oﬀ at 100 km.
compared to a number of observational studies. The com-
parison with each individual study might not have much
information, but it is recommended that readers look at
the results as a whole, having in mind the continental
analysis showing the model is able to separate the dis-
tribution of An. arabiensis and An. gambiae s.s.. These
results are meant to complement the continental analysis.
Eth30 and Eth18 refers to the weather data used to drive
OMaWa.
KEN11: 2007-2008 larva density in central Ethiopia (Eth30)
In this study [26] Kenea et al reported the An. arabiensis
larva density in six locations in central Ethiopia, Decem-
ber 2007 to June 2008. Five of the sites followed the same
seasonality, while one had the highest density before the
rainy season started. The model is not designed to cap-
ture such local variations, but is rather aiming to describe
the median, or sometimes mean, state within a certain
area. In their study all anopheline positive habitats present
within a 500 m radius of each irrigated village/town and
700m along the major drainages (lake or river) were sam-
pled. This means that the data should be comparable
to what is modelled. The seasonality of larva density,
lsum = ∑4ı=1 lı , per puddle area, Ap, is then calculated
as Cl lsumAp[m2] , where Cl is a dimensionless constant. Cor-
relations with the median relative seasonality, model vs.
Kenea et al., is 0.97(0.81, 0.99), and mean relative sea-
sonality 0.92(0.55, 0.98). The observations and modelled
results can be seen in Figure 6.
TAY2006: 2001mosquito catch Sille, Ethiopia (Eth30)
In 2001-2002 Aseged Taye et al [27] recorded number of
man biting An. arabiensis in Sille, Ethiopia. For simplic-
ity it is assumed the human biting rate is independent of
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Table 2 Distance to closest correct and wrong prediction
0% 10% 25% 50% 75% 90% 100%
Distance to closest point 1.16 2.63 3.62 4.96 8.12 10.42 25.80
Distance to closest correct prediction 1.16 3.03 4.05 6.39 10.51 43.81 275.96
Distance to closest wrong prediction 1.63 4.06 5.55 28.05 73.72 112.66 311.81
Distance to the closest model point, distance to the closest model point with correct prediction, and distance to the closest point with wrong prediction. Model vs.
observations.
temperature and availability of breeding sites. This means
the relative monthly mean sum of mosquitoes from the
model should be directly comparable with the records
from the paper. Themodel seems to under-predict the rel-
ative abundance of An. arabiensis in October 2001, and
over-predict the rise in mosquito numbers in February.
Otherwise the modelled number of mosquitoes seems
comparable to what was observed by Taye et al. The cor-
relation between observations and model (2001-2002) is
0.91(0.36, 0.99). The observations and model results are
shown in Figure 7.
YE2003: 2001 3month larva variability in Zwai (Eth30)
If it is assumed larva per dip has units LPD = C larvam2 ,
where C is a constant, and that the samples are repre-
sentative for a larger area, the relative number of larva in
that area can be estimated as LPD · Wa, where Wa is the
mean water area in m2. This way it is assumed the num-
ber of puddles is constant from July to September, and
that the puddles only change their surface area. These val-
ues are roughly comparable to the modelled number of
larva. Since only the latitude (and not the longitude) is
reported in the paper, and Zwai is not located at latitude
month
x
−
μ
σ
−1
0
1
Dec Jan Feb Mar Apr May Jun
Figure 6 Scaled variations over time of six locations (dashed grey line), and the median seasonality (solid grey line) in Central Ethiopia
[26] (data from KEN11). Blue solid line shows modelled relative seasonality in the same area.
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Figure 7 Scaled variations over time of An. arabiensis in Sille, Ethiopia (data from TAY2006), observed (grey solid line), model 2001-2002
(solid blue line), model multi-year monthly mean (dashed blue line).
9◦N , model data between longitudes 38.69 to 39.23◦E
and latitudes 7.88 to 8.42◦N , an area covering Zwai, were
selected. Using this method correlation is 0.99(0.321.00).
Conﬁdence interval is estimated using 1,000 random sam-
ples of the points within the bounding box, and the 2.5%
and 97.5% quantiles of the correlations is reported. Since
the sample size is small and the data might not be directly
comparable, the correlation should be interpreted with
care. The data from the observations and the model can
be seen in Figure 8.
BAL2001: 1999-2000mosquito catch Awash, Ethiopia (Eth30)
This study was carried out in 1999-2000 in Metehara at
longitudes 39.50 to 40.00◦E and latitudes 8.75 to 8.92◦N .
The data are based indoor space spray collections. Since
the malaria model was not run for 1999, and 2000 is con-
sidered as a spin-up year, themulti-year monthly mean for
the years 2001-2006, and 2008-2009 was used (since the
climate model was done as two separate runs, one starting
January 2000, and one starting January 2007). The obser-
vations are compared to the scaled sum of mosquitoes
of all age groups, which should be comparable to what
was reported in the thesis. Correlations in Buse + Gelcha
(two locations described in the thesis) was 0.75(0.1, 0.95),
0.79(0.27, 0.95) for Sugar Estate, and 0.76 for Metehara
Town. Conﬁdence intervals are not reported for Metehara
Town since the number of observations are low. The data
can be seen in Figure 9.
FEK2012: 2009-2010mosquito catch ChanoMille, Ethiopia
(Eth18)
As seen in Figure 10, and correlations in Table 3, themodel
corresponds well with the observations in Chano, 2009-
2010. While the weather station in Arba Minch recorded
some heavy rainfall events in October/November 2009
the regional climate model did not capture these events,
or did not dump the precipitation in the right location
[45]. In general the driving model (WRF) was too wet in
spring 2009, and too dry in autumn 2009. This might be
the reason for the slight mismatch in mosquito numbers
in these seasons. To have conﬁdence in malaria/mosquito
models at these ﬁne scales, there is a need for a better
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Figure 8 Scaled variations over time of An. arabiensis larva in Zwai, Ethiopia (YE2003). Observed (grey solid line), and model (solid blue line).
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Figure 9 Scaled variations over time of adult An. arabiensis in Awash, Ethiopia (BAL2001). Observed (grey solid line), and model
(solid blue line).
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Figure 10Modeled and observed variations in An. arabiensis. The left panel shows catches broken down to catch method (grey dotted lines),
and modelled An. arabiensis. The right panel shows modelled mosquitoes and total twice monthly catches (data from FEK2012).
representation of precipitation in the climate models. The
diﬀerences between the trapping methods also highlight
the uncertainty of related to data collection, especially
when the number of mosquitoes is low. From December
2009 to March 2010 the observed number of An. arabien-
sis was very low (Figure 10). It is interesting that despite of
this, malaria started to rise in these months [30].
Summary of temporal variability analysis
Each of the ﬁve case studies consist of short time
series, with diﬀerent observational methodologies. It was
attempted to show how the model results can be com-
pared to the diﬀerent type of observations, and in general
the model is in good agreement with the observations.
Since none of the studies cover several years, it was only
Table 3 Correlations for model andmosquitoes captured
in ChanoMille
Correlation
Twice monthly 0.80 (0.58, 0.91)
Space Spray 0.83 (0.49, 0.95)
Pit Shelter 0.80 (0.43, 0.94)
CDC Light Trap 0.83 (0.48, 0.95)
Twice monthly shows correlation with total catch of An. arabiensis and modelled
numbers. The Space Spray, Pit Shelter, and CDC Light Trap show correlation
(95% conﬁdence interval) with modelled number of mosquitoes and monthly
catches using three diﬀerent methods.
possible to validate whether the model captured the sea-
sonal cycle in mosquito numbers. The good agreement
with all of the ﬁve case studies, means the model prob-
ably responds correctly to the environment, and thus it
is likely OMaWa can reproduce year-to-year variability as
well.
Conclusions
In this paper, the model has been validated using inde-
pendent data. The model was designed to have a general
validity, not being restricted to a speciﬁc locality. The
study shows the model can capture the distribution and
density of An. gamibiae s.s. and An. arabiensis across
Africa, and that it is able to model the seasonal and
year-to-year variations in mosquito densities. While the
results are robust with respect to the mean distribution
and density, there is a sampling bias related to the recent
distribution in DR Congo, northern South Africa, south-
ern Namibia, eastern Angola, Central African Republic,
eastern Gabon, eastern Chad, South Sudan, and Soma-
lia. This implies models can not be robustly validated in
these regions, and that long term changes in the species
composition can not be addressed. For the temporal vari-
ability, the model has only been validated for Ethiopia,
using short time series. Although the model matches well
with the observations, most of the time series are short,
implying the ability to reproduce year-to-year variations
has not been fully addressed.
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The results suggest suﬃciently high bovine density
inﬂuences the large-scale distribution of An. arabiensis.
Similarly, the presence of An. gambiae s.s. is linked to
the presence of humans, modulated by the density of An.
arabiensis. Water and air temperature, and availability of
breeding sites play secondary roles for the continental
distribution of these species, but might be locally impor-
tant in margin zones. The recent distribution shifts in
species composition observed in Kenya [13,46] might be
partially explained by increased mortality of An. gambiae
s.s. due to interventions like IRS and LLINs. An alternative
explanation might be the competitive advantage of An.
arabiensis eﬃciently feeding on cattle, and thus suppress-
ing the number of An. gambiae s.s. through easier access
to blood, and thus reproducing at a higher rate. Over
time, these interventions mainly reduce the human bit-
ing rate, and not necessarily the longevity of mosquitoes;
the most eﬃcient measure in MacDonald’s formula of the
basic reproductive number. Next, it can be challenged
if a reduction of the number of breeding sites, lower-
ing the number of adult mosquitoes per human, would
be as eﬃcient, and cost-eﬀective, as IRS and LLINs over
time. Studies on the long-term eﬀect of interventions on
the mortality rate of mosquitoes is needed to evaluate
how these interventions work in practice. The large scale
distribution ofAn. arabiensis, and its relation to cattle dis-
tribution, also rises the question of this species is using
the odour of bovine to navigate, and if this causes of the
observed coexistence of An. arabiensis and cattle. If this
applies on large scales, there are reasons to believe the
same mechanisms manifest themselves on small scales.
In that case, keeping cattle separate from humans should
further reduce the human biting rate in areas where An.
arabiensis is the dominant species.
Several studies have found out the gene ﬂow ofAn. gam-
biae s.s. and An. arabiensis, and how the species have
spread, and is evolving, across Africa. In the model, which
gives a good representation of the distribution of the two
species, An. gambiae s.s. is spreading most eﬃcient on
surfaces with continuous human populations, while An.
arabiensis disperse more easily on surfaces with continu-
ous cattle populations. It is hypothesized the lack of such
a human surface between Kenya and Ethiopia can explain
the absence of An. gambiae s.s. in Ethiopia; - to spread
to Ethiopia, there is a need of a more or less continuous
human population cover from Lake Victoria to south-
ern Ethiopia, suﬃcient breeding sites, and temperatures
which are not too extreme. Thus, not only climate con-
trol the presence and absence of these species, but also the
availability of hosts. This has implications for the ability to
project the future distribution of the two species.
Before models can be related to improving human
health, or guide which interventions are to be applied
where, there is a need to understand the system of interest.
Validation is an important part of this process. Conclud-
ing based on too little data, and basing projections of for
example the eﬀects of climate change on models which
have not been validated, is dangerous [47], might mis-
lead the public, and lead to less conﬁdence in science.
The way forward would be to include eﬀects on inter-
ventions. This would allow us to understand how residual
spraying and bed nets inﬂuence the mosquito popula-
tions, and in turn malaria. Incorporating interventions in
a continental model requires a) spatial data describing
which interventions were applied when, and b) the long
term eﬀect of these interventions. Currently such data
might exist, but have not been systematized for use by the
research community. In these two papers, the focus has
deliberately been on the mosquito population. By looking
at each component involved in malaria transmission sep-
arately, the understanding of the dynamics of malaria can
be improved. This process is crucial to robustly estimate
how a changing environment and society, has changed,
and will change, the premises for malaria transmission.
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